Abstract. The prediction of stock prices is an important task in economics, investment and financial decisionmaking. It has for several decades, spurred the interest of many researchers to design stock price predictive models. In this paper, the symbiotic organisms search algorithm, a new metaheuristic algorithm is employed as an efficient optimization method for training feedforward neural networks. The training process is used to build a better stock price predictive model. The Straits Times Index, Nikkei 225, NASDAQ Composite, S&P 500, and Dow Jones Industrial Average indices were utilized as time series data sets for training and testing the proposed predictive model. Three evaluation methods namely, Root Mean Squared Error, Mean Absolute Percentage Error and Mean Absolution Deviation are used to compare the results of the implemented model. The computational results obtained revealed that the hybrid Symbiotic Organisms Search Feedforward Neural Networks showed outstanding predictive performance when compared to the hybrid Particle Swarm Optimization Feedforward Neural Networks, Genetic Algorithm Feedforward Neural Networks and ARIMA based models. The new model is a promising predictive technique for solving high dimensional nonlinear time series data that are difficult to capture by traditional models.
Introduction
Stock market prediction is the act of trying to determine the future value of a company stock or other financial instruments traded on an exchange. Successful prediction of a stock's future price does not yield profit first but serves as a guide to investors who will use the prediction to guard their investments. The efficient-market hypothesis suggests that stock prices reflect all currently available information and any price changes that are not based on newly revealed information thus are inherently unpredictable [1] . Other schools of thoughts disagree, and these individuals rely on various methods and technologies to gain insight on future price information [2] .
The value of a stock price is influenced by the earnings per share, firm's book value, price earnings ratio and dividends per share. Although these factors are the fundamental units influencing the base stock price, the market also reflects a power over a specific stock price at any point in time. This is due to the constant pull and push of demand and supply within the market, this fluctuation may be due to trader's personal preference, events portrayed by the news, strategic approaches to stock exchange or perceptions based on other traders behaviour. These fluctuations may be estimated based on past behavioural patterns of a particular stock to an extent. However, random events that force the stock to behave out of its norm are very difficult to predict. These occurrences are what experienced traders look for in maximising their profits. As such, any insight on these anomalies prove to be highly valuable to any trader within the market [3] .
Traditionally, stock price forecasting has been carried out using time series analysis [4] . With the emergence of Artificial Neural Networks (ANNs), this form of analysis could be effectively performed at scale with higher levels of accuracy and accountability for unconceived variables [5, 6, 7] . Furthermore, non-hybridized time series models are outperformed by ANNs and Auto Regressive Integrated Moving Average (ARIMA) hybrids [8] . Evaluation of the prediction accuracy of these approaches are undertaken through the computation of the Root Mean-Squared Error (RMSE) and the Mean Absolute Percentage Error (MAPE). However, this evaluation should represent how much financial value each possesses, as such performance is measured by profitability, consistency and robustness [9] .
In this paper, an efficient hybrid symbiotic organisms search (SOS) algorithm, which is combined with an artificial neural network is developed to solve the stock price prediction problem. The goals of this paper is therefore, to demonstrate the applicability of the SOS algorithm to train a machine learning technique in this case the ANN and to also show that the new hybrid method is able to obtain better predications when compared with other existing methods that have been applied to solve the same problem. To further validate the superior performance of the SOS algorithm, the ARIMA based model, Particle Swarm Optimization (PSO) algorithm, and Genetic Algorithm (GA), of which the last two are well-known global optimization metaheuristics are implemented in parallel to test the superiority of the proposed hybrid SOS algorithm.
The rest of the paper is organized as follows: Section 2 presents related work, which involves using FFNN and hybrid models that consist of both metaheuristic algorithms and FFNN to perform stock price forecasting. The motivation and methodology of the proposed prediction approach and three other implementation models are discussed in Section 3. Section 4 presents the experimental results using recent time-series datasets. Finally, the concluding remarks is given in Section 5.
Related Work
In the past decade, the application of artificial intelligence and machine learning techniques such the ANNs have been used for the forecasting of Straits Time Indices (STI). Several literatures tend to focus on portfolio optimisation which is the act of selecting which stocks to invest your money in, given a finite capital and finite set of available stocks [10, 11] . This however is not the focus of this study, although it is a main focus point when considering utilising machine learning techniques for optimising return on investment.
In [9] , the use of multiple methods for the prediction of stock prices was investigated. The authors used the stock prices of five different companies which were obtained from Yahoo Finance. The four different forecasting methods investigated were: ARIMA model, ANNs, Holt's Winters (a statistical forecasting method for seasonal time-series data) and time-series linear model (TSLM). It was found that the Holt's Winters method produced the best overall forecasting accuracy compared to the other methods [9] . In [12] , the SOS algorithm was proposed for training a feedforward neural network (FNN). The computational results from the training with SOS were compared to other results obtained from similar training of FNN using other metaheuristic search algorithms, such as the culture search(CS), genetic algorithm (GA), particle swarm optimisation (PSO), mean-variance optimisation (MVO), gravitational search algorithm (GSA), and biogeography-based optimisation (BBO). The results showed that the SOS trained the FNN the best for the task at hand [12] .
The study conducted in [13] used both the PSO and backpropagation algorithm to train a FFNN for time-series forecasting. There were four types of time-series data used, these are sunspots (number of sunspots observed over a period of time), exchange-rate (the USD to INR exchange rate), earthquake (seismogram readings over time) and airline (the number of airline passengers). The results obtained were compared to results from other methods used to predict time-series data, such as the PSO-only trained FFNNs, backpropagation trained FFNNS, and the Box-Jenkins models (which are statistically based models for predicting time-series data). Experimentation from the study showed that the PSO-only models were notably better than the backpropagation only models and that the hybrid approach (PSO-backpropagation) was better than the Box-Jenkins models [13] .
The feedforward neural networks variants proposed in [14] were used for stock market data (NAV of SBI mutual fund) prediction and evaluation of the performances of three different methods for adjusting the network weights during training: the resilient backpropagation method, the Levenberg-Marquardt (also referred to as Bayesian regularisation) method and the scaled conjugate gradient method. It was observed that the Bayesian regularisation method was the best at being able to generalise on the given data compared to the other training methods [14] . The study in [15] used the PSO algorithm to optimise the weights of an artificial neural network, which was used to forecast the exchange rate of the Straits Times Index (STI) time series data. The results obtained were very promising and interesting.
Therefore, building on the identified gap from the above related literature, the current study tries to replicate the earlier proposal made in [15] where the PSO algorithm was utilised for training neural networks. The current study, however, considers the employment of a more recent metaheuristic algorithm for the training of FFNNs with the main goal of building a more robust and efficient stock price predictive model. In the next section, two of the main algorithms that inspired the current work, namely SOS and PSO are briefly discussed. Thereafter, the implementations of four hybrid models including, SOSFFNN, PSOFFNN, GAFFNN, and ARIMA model are explained.
Motivation and Methodology
The symbiotic organisms search algorithm simulates the symbiotic interactions within a paired organism relationship that are used to search for the fittest organism [17, 30] . SOS iteratively uses a population of candidate solutions to promising areas in the search space in the process of seeking the optimal global solution. In the initial ecosystem, a group of organisms is generated randomly for the search space. Each organism represents one candidate solution and is associated with a certain fitness value, which reflects the degree of adaptation to the desired objective. The generation of new solutions is governed by three phases: the mutualism phase, commensalism phase and parasitism phase. The nature of the interaction defines the main principle of each phase. Interactions benefit both sides in the mutualism phase; benefit one side and do not impact the other in the commensalism phase; benefit one side and actively harm the other in the parasitism phase. Each organism interacts with the other organism randomly through all phases. The process is repeated until termination criteria are met. Interested researchers are therefore referred to the work presented in [17] for an in-depth understanding of the fundamental design concept and computational representation of the three SOS global optimization search phases. Moreover, several applications of SOS and its improved variants exist in literature, where notable performances of the algorithm are reported [23] [24] [25] [26] [27] [28] [29] .
The SOS algorithm was chosen because it has never been applied to the stock price prediction problem, so it is something new and will add value to the research in this field. Another reason for choosing SOS is that its operations require no specific control parameter. There are many advantages of SOS that also factored into the decision to consider this algorithm for the training of FFNN. The algorithm avoids the risk of compromised performance due to improper parameter tuning. This is the case since the only parameters that need to be set are the size of the population/ecosystem and the maximum number of evaluations. Other algorithms such as the Genetic Algorithm (GA), Differential Evolution (DE), PSO, Mine Blast Algorithm (MBA), and Cuckoo Search (CS) require the tuning of at least more than one specific algorithm control parameters in addition to these two parameters. The SOS algorithm uses three interaction strategies, mutualism, commensalism, and parasitism, to gradually improve candidate solutions. This makes the algorithm simpler and quicker to implement since no time needs to be spent on choice of operators. An organism (candidate solution) in this algorithm is represented by a vector of size 2, where the values are the open and close stock values for a company. This representation was chosen since it is the easiest way to represent all the necessary data and to be able to manipulate the data to get the best solutions.
The PSO algorithm used is the global best PSO hybridized with a neural network. In this algorithm the neighborhood of each particle is the entire swarm. A swarm consists of a collection of particles, where each particle is a candidate solution. The particles are then evolved where each particle's position and velocity are changed according to its own experience and that of its neighbors. Each particle can communicate with every other particle, and each particle is attracted to the best particle found by any member in the swarm. Each particle is a point in an n-dimensional space and contains the set of all the weights in the neural network and the bias. The algorithm stops when the maximum number of iterations has been reached. The position of the i th particle is represented as = ( 1 , 2 , … , ) and these components of position represent the individual weights and bias. The velocity of the i th particle is represented as = ( 1 , 2 , … , ). There are no operators as such for this algorithm instead it uses a fitness function with updates of positions and velocities to find near optimal solutions.
The PSO algorithm has been chosen as a candidate competitive algorithm for the proposed SOS algorithm because it is a common algorithm used for stock price predictions. It is a good algorithm to compare SOS with since the results for the PSO implementation with neural networks has produced notable results for stock price prediction. It does not use operators such as mutation and crossover which makes it simpler and easier to implement. The search can be carried out by the speed of the particle. During the development of several generations, only the most optimist particle can transmit information onto the other particles, and the speed of the researching is very fast. The global best PSO model has been chosen since it converges faster than the I-best or the local best PSO models. This is due to the larger particle interconnectivity of the global best PSO model. However, global best PSO can easily be trapped in local minima, so more focus has to be given to exploration rather than exploitation during training. This is done by changing the PSO parameters such as higher values for the maximum velocity and inertia weight.
Modelling and program design
The model implementation for this study was coded in C# using Microsoft Visual Studio 2017 as the IDE. The program has a GUI interface where each of the three hybrid algorithms and ARIMA model can be run and the results displayed upon completion of the program run. The dataset used for training and testing contains data from 25 April 2015 to 25 April 2019 [16, 19, 20, 21, 22] . All the algorithms used the same dataset so that the performance comparisons between the algorithms would be more meaningful. All the algorithms were run on the same computer for 1000 iterations with a population size of 30. The details of the SOS, PSO, and GA with neural network algorithms and the ARIMA model are presented next.
Hybrid symbiotic organisms search algorithm with feedforward neural networks
In order to improve the SOS algorithm, it is hybridized with a feed forward artificial neural network (FFNN). The idea of hybridizing SOS with a neural network was motivated by similar implementation method presented in [15] , in which the PSO was hybridized with a neural network. Therefore, since hybridizing PSO with a neural network seemed to be a very common experience in the literature, it sparked interest on how SOS would perform if it was hybridized with a neural network. When it comes to stock price prediction there can be many companies involved and neural networks have good scalability to large datasets and work well with high dimensions. Neural networks also have the ability to model non-linear complex relationships and real-world stock market prediction is complex, so the application of neural networks will be beneficial. This hybridization works by using the SOS algorithm to train the neural network by finding the optimal weights and bias for the network in a similar way to the PSO algorithm was used to train FFNNs in [15] . The visual representation of the SOS and FFNN hybridized architecture is given in Figure 1 . The algorithm is trained independently for each dataset comprising of 1259 instances. The dataset was split into 80% for training and 20% for testing. Thereafter, the data was normalized after the train-test spilt. A population size of 30 is used and the algorithm is run over 1000 iterations. The algorithm takes two inputs: the open value and the close value for a stock and it predicts these two values for the next day. The RMSE is used as the fitness function in this algorithm since the goal is to minimize the error of the prediction, so an error formula is an appropriate fitness function. The proposed SOSFFNN algorithmic structure is shown in Algorithm 1, while the flowchart is illustrated in Figure 3 . 
Hybrid particle swarm optimization with feedforward neural networks
The second model implementation is the employment of the PSO hybridized with a feed forward neural network. The neural network consists of an input layer that has 2 nodes, a hidden layer that has 8 nodes and an output layer that has 2 nodes. The inputs are opening value for a stock and a closing value for a stock for a day. The network outputs the predicted opening and closing values for the stock for the next day. In this algorithm a swarm is initialized with 30 particles where each particle is represented by a vector of size 34 that holds all the weights for the network as well as the bias value. The swarm is also initialized with random velocities. The and values are set to -1 and 1. The fitness function used is RMSE so that the error between the predicted values and the actual values can be minimized. The positions and velocities are updated for every iteration. The inertia value is set at 0.9, the two constants 1 and 2 are both set at 2 and the probability of death is 0.01. The algorithm runs until the maximum number of 1000 iterations are reached. The best positions after the PSO is run provides the optimal weights for the neural network to be able to predict the output values.
Hybrid genetic algorithm with feedforward neural networks
The third model implementation is the Genetic Algorithm hybridized with a feed forward neural network. The operators used includes the Roulette Selection, Uniform Crossover with a crossover rate set to 0.5, and Uniform Mutation with a mutation rate set to 1⁄(Length of individual) = 1/34. The population comprised of 30 individuals that were randomly initialized, and each individual is a vector of size 34. Elitism was used in selection for the population for the next generation, where the best individual is kept for the next generation. The fitness function used for this algorithm is the RMSE because we aim to minimize the error between the actual and predicted values. This algorithm was allowed to run for a maximum of 1000 iterations, and the best individual served as the optimal weights for the neural network to predict the output values.
Autoregressive integrated moving average model
The fourth model is an Autoregressive Integrated Moving Average model. This implementation was done with an assistance of using the Extreme Optimization Numerical Libraries for . NET [18] . This library was built to assist developers to program financial, engineering and scientific applications. Two ARIMA models were used, one to forecast the Open Stock Values for each day and the other was to forecast the Close Stock Values for each day.
Evaluation metrics
A testing strategy that is used is the Mean Absolute Percentage Error (MAPE), which is a measure of the prediction accuracy of a forecasting method in statistics, for example in trend estimation. It is a very common testing strategy for stock price prediction algorithms and many organizations focus primarily on MAPE when assessing forecast accuracy. Most people are also more comfortable when dealing with percentage terms which makes this error easy to interpret. The formula is given in equation 1.
where is the actual value of the stock price and the forecast value from the algorithm. The absolute value in this calculation is summed for every forecasted point in time and divided by the number of fitted points .
Multiplying by 100% makes it a percentage error. A drawback of this method is that it cannot be used for data that has zero values since this could result in a division be zero error. This model is used nonetheless because it is highly unlikely that the price of a stock will be zero. Due to the pitfalls in MAPE, it is used in conjunction with other evaluation techniques like MAD. With MAPE the lower the percentage error the better.
Another common evaluation metric to test forecasting accuracy is the Root Mean Squared Error (RMSE). The RMSE is frequently used measure of the differences between values predicted by a model or an estimator and the values observed. This technique is used mainly when there is variance in the data, and it makes use of standard deviation which is good when it comes to mathematical operations. RMSE is the square root of the average of squared differences between prediction and actual observation. It expresses the average model prediction error in units of the variable of interest. The metric can range from 0 to infinity and is indifferent to the direction of error. The formula for RMSE is given in equation 2.
where is the number of values, is the forecast and the variable ̂ is the mean error. Since the errors are squared before they are averaged, the RMSE gives a relatively high weight to large errors. This means that the RMSE should be more useful when large errors are particularly undesirable. RMSE avoids the use of taking the absolute value, which is not wanted in many mathematical calculations. It is a negatively-oriented score, which means lower values are better.
The last testing metric discussed is the Mean Absolute Deviation (MAD). Other than MAPE, MAD is the most popular metric for evaluating forecast accuracy. The mean absolute deviation of a dataset is the average distance between each data point and the mean. This strategy measures variance just like MSE but lacks the strong statistical relationship MSE has. MAD has the advantage of being easier to understand among people who are not specialists in the field, and this is partly due to the fact that the error has the same dimension as the forecast. The formula for calculating MAD is represented in equation 3.
where is the number of time periods, is the forecast error in period and the last term denoted by ̂ is the mean error for period . The metric MAD is used in conjunction with MAPE to help overcome the pitfalls of MAPE and give a better overall view of the results. The three testing metrics are used to ensure that the error of the forecast can be seen using different evaluations to make it easier to determine which forecasting algorithm produces the best results. This combined evaluation technique allows for a better comparison between the algorithms, so that a more informed decision can be made.
Experimental Results
All the algorithms were run on the same MSI computer to allow for better comparison of the results. The computer specifications are indicated as follows: Processor: Intel® Core™ i7-7700HQ, CPU @ 2.80GHz, Installed Memory (RAM): 12.0 GB, Graphics Card (GPU): Nvidia GTX1050, System Type: 64-bit Operating System, x64-based processor Operating System: Windows 10 Home. Each algorithm was run 10 times and the average of the results was recorded. All the simulation results presented in this paper was generated using the stock price prediction GUI simulator shown in Figures 4 and 5 . Similarly, an illustration example run of hybrid SOS with feedforward neural network is also in Figure 6 . 
Results and discussion
The dataset used in this research are the Straits Times Index [16] Figure 6 , shows the proposed system user friendly interface sample result generation for the developed standalone stock price prediction application framework. The test result is a generation from the Nikkei 225 data set using hybrid SOSFFNN algorithm. The ARIMA models with parameters p = 1, d = 0, q =1 produced good results for all datasets. Table 6 presents the best result, average and standard deviation by the hybrid models for the STI dataset, and the result achieved by the ARIMA model for the STI dataset. The SOSFFNN model obtained the lowest RMSE, MAPE and MAD values. However, all algorithms achieved RMSE and MAD value very close to zero, indicating very small prediction error. Judging by the Average MAPE values, the SOSFFNN was the only algorithm that received a MAPE value that is below 100%. Table 7 . The MAPE values for all algorithms are well above 100%, but the hybrid SOS algorithm received an average MAPE that is much lower than the other three models in this comparison. The MAPE values being above 100% simply means that the errors obtained are much greater than the actual values. The hybridized PSO model best results on the S&P 500 dataset were the lowest amongst all other models, which can be seen above in Table 8 . The best result received an MAPE value that was well below 100%, whereas the other model obtained MAPE values well above 100%. However, the SOS hybrid model achieved the best average results for RMSE, MAPE and MAD on this dataset. The results finding of the PSO hybrid model reveals that PSO can also achieve remarkable results with better parameter tuning, i.e. population size and number of max iterations. The RMSE and MAD values for all algorithms are close to zero, with the hybrid models obtaining values extremely closer to zero than compare to the ARIMA model. More so, the PSO hybrid model was able to achieve the best result which was the lowest RMSE and MAD values for the NASDAQ Composite dataset as shown above in Table 9 . However, these values were slightly lower than those values of the hybridized SOS algorithm. But, the hybrid SOS model best result for MAPE was the lowest amongst the rest, in fact it was the only MAPE value below 100%. Ultimately, the SOS hybrid model achieved the lowest average RMSE, MAPE and MAD results. The predicted values appear to be sitting very closely to every true stock value.
The ARIMA model predictions in Figure 15 shows that its performance has dropped significantly when applied on the S&P 500 dataset. The hybridized models' forecasts, in Figures 16 to 18 , also showed some struggle in predicting the next day stock values, i.e. PSO hybridized model in Figure 17 under predicted the closing stock values by a substantial amount. The GA and SOS hybridized models produced fairly good forecast results as shown in Figures 16 and 18 respectively. Overall predictions on the S&P 500 dataset shows that the SOS model produced better predictions compared to the other algorithms. The ARIMA model forecast on the Dow Jones Industrial Average and the NASDAQ Composite dataset are displayed shown in Figure 19 and 23 respectively. These models attempts to output predicted values to follow the actual forecast fluctuations. Whilst, the remaining hybridized models were able to successful predict the fluctuation trends for both datasets. The SOS hybrid model displays the best results on both datasets as shown in Figures 22 and 26 , with the GA hybrid model performance following behind. The PSO hybrid model forecast, in Figure 25 , battled to predict the closing stock values on the NASDAQ Composite dataset. Therefore, the visual graph representation has shown that the hybrid SOS models are capable to predict excellent results on the various stock market datasets. 
Conclusion
The hybrid SOSFFNN model was developed and tested based on the existing hybridization of PSO and FFNNs study. Additional comparison that involves the implementation of hybrid GA with FFNN and ARIMA model were carried out to further validate the superior performance of the hybrid SOSFFNN algorithm. The hybrid SOSFFNN outperformed hybrid PSOFFNN, GAFFNN and ARIMA model by noticeable margins. The shortcomings of the SOSFFNN has been identified to be attributed to the increased implementation complexity given by the combination of two already complex algorithms. Future improvements of SOS with FFNN could include training on a much larger data set or data sets with much higher complexity levels. This could then be adapted to incorporate multi-objective parameters between relative stock prices that may influence another stock's price. Finally, a model consisting of a FFNN with a hybridization that utilizes the SOS optimization algorithm shows promise in the area of stock price prediction and supersedes those of the PSO, GA, ARIMA model implementations. However, the added complexity of a FFNN may prove to be an area that requires greater finetuning to achieve a better predictive accuracy.
